Objectives: To assess the association between workload, subjective wellness, musculoskeletal screening measures and non-contact injury risk in elite Australian footballers.
Introduction
Sports medicine/science staff must regularly evaluate player injury risk to assess readiness to train and optimise player game availability, as lower injury rates are associated with enhanced team performance (1) . In elite Australian football (AF), a typical in-season weekly cycle involves a competitive game, then recovery, training and subsequent matches. Determining player injury risk at commencement of this cycle, by assessing several sport specific risk factors, is critical for weekly planning and (potentially) lower injury incidence. Recently, a revised model of injury aetiology highlighted the inclusion of workload (2) , to complement both non-modifiable characteristics (eg, age/playing experience) (3) and modifiable characteristics (eg, strength/flexibility deficits) (4, 5) , when identifying multifactorial injury causes (2) .
A recent review (6) of workload and injury risk highlighted several independent injury risk factors, including both low (7, 8) and high (9, 10) chronic (multiple weeks) cumulative workloads; high acute:chronic workload ratio's (ACWR) (7, 11) ; low chronic workloads in combination with high ACWR (11); and large (>1250 AU) week-to-week load changes (9) . However, most team sports research has only modelled load independently, not accounting for interaction or moderating effects (12) , which may represent a more holistic method for explaining the dynamic and multifactorial nature of injury.
Additional to load monitoring, weekly perceived wellness responses are commonly collected, with irregularities in player profiles warning of potential over-reaching (13) . Regular musculoskeletal screening also occurs to determine any significant deviations from baseline scores, to assess the progress of injury rehabilitation programs, and establish future return-to-play status for healthy players (14) . While the authors agree with recent commentary on screening tests, this debate is currently limited to periodic physical examinations (PPEs) which form a component of a primary prevention program (14) and ignore the temporal relationship between screening and the date of injury. In the scenario where a player is routinely assessed and compared to deviations (to their norm) the temporal sequence is accounted for in a time-series manner and may offer a solution, particularly when combined with exposure (workload) data. This approach is synonymous to secondary prevention programs which are aimed at detecting subclinical signs and symptoms such that early management can be implemented.
To date, no study has used these combined measures to assess the level of player injury risk in the AF weekly cycle. Therefore, this study aimed to (a) identify the independent injury risk factors collected weekly (subjective wellness, musculoskeletal screening, workload) that predispose an athlete to injury in the subsequent 7 days (15), and (b) establish a multivariate model combining the best injury risk predictors to aid individualised workload management.
Methods
Player data (n=70: 49 players were listed in multiple seasons) from one Australian Football League (AFL) club across four consecutive seasons was used. In total, 3507 individual in-season weekly data points were collected. Mean (± SD) player age, stature and body mass were: 22.9 ± 3.4 y, 188.1 ± 6.6 cm and 87.0 ± 8.2 kg, respectively. For AFL system experience, 23% of players had 1-2 y, 38% had 3-6 y and 39% had 7+ y, respectively. Players either competed in AFL or Western Australian Football
League matches across these seasons. All players provided written consent prior to participation. Data was de-identified and extracted from the club's database. Human ethics approval was obtained from the host institution review board (RA/4/1/5015).
Injury information was classified and collated by the club's senior physiotherapist. Here, injury was defined as any lower body non-contact (intrinsic) injury resulting in matches missed (16) , since such injuries have been related to training load (17) . Non-contact (extrinsic) injuries were not considered.
Training and match workload was defined using both previously validated objective GPS (18) and subjective RPE (19) measures. Multiple external loads were quantified using GPS units (SPI Pro X;
GPSports, Canberra, Australia), sampled at an interpolated rate of 15 Hz (true sampling at 5 Hz) and downloaded into a Team AMS analysis program. Distance was defined as total distance covered (m), including walking, running and sprinting. 'Sprint distance' was defined as distance covered (m) above 75% of individual player maximum speed (determined from GPS game data). These commonly used GPS metrics (10, 17) were chosen to represent aspects of total and high intensity running volumes within AF demands; other metrics (i.e. additional velocity thresholds, acceleration, deceleration) were not considered due to varying definitions and validation concerns (20) .
The "internal" workload was quantified using the "On-Legs sRPE" method, where load (arbitrary units) is the product of the 10-point modified-Borg scale sRPE (9, 19) and total session duration (min). "On-Legs" sessions were defined as any on-field running session where players wore a GPS unit (weights and cross-training data were not available).
Workload data were retrospectively categorised into weekly blocks (Tuesday to following Monday) throughout each season. This structure was chosen as injury risk assessment and subsequent load management would occur following the Monday of each week (club training day without any field training or running). In addition to the weekly acute load (sum of last 7 day period), other load measures were derived using previous studies: a) chronic two, three and four accumulated weekly loads were calculated by summing the previous week's training and game loads (9, 10); b) week-toweek load change (absolute change in current load from previous week) (9); c) ACWR: a player's acute (one week) workload divided by their chronic (four week rolling average) workload (1).
Workload category ratings of "very-low" through to "very-high" were created using quintiles, and risk reported in reference to the "moderate load" rating.
Subjective wellness was collected via a customised questionnaire on Mondays; it was brief, specific and based on common components in shortened psychological tools in the literature assessing training imbalances (21) . The items included fatigue, sleep quality, muscle soreness, stress levels, mood and perceived performance on a five-point Likert scale, ranging from 1 (as bad as possible) to 5 (as good as possible). Significant wellness declines were calculated as a 1 SD decrease compared to an individual's rolling season-to-date average and SD (13) . Further, simple yes/no reporting of questions relating to the past 7 days were considered, including; 'Have you experienced old lower limb pain? (Table A) .
A mixed model generalized estimating equation (GEE) analysed the relationship between weekly data and injury in the subsequent week, as these analyses can handle panel data (repeated individual measures). This modelling design is supported by cohort studies (7, 11, 17) and Level 1 evidence (15) showing an association between workload and injury in the subsequent week. For injury risk (injury/no injury in subsequent week), a Poisson log-link regression with robust error estimate, and exchangeable working correlation structure (within the GEE model) was used (24) . Incidence rate ratios (IRR) were calculated. Independent (univariate) GEE regression models for each predictor variable were determined, not accounting for other moderating covariates (12) . Expanding on previous research (11) investigating subsets of data in workload-injury relationships, an interaction effect between chronic workload and the acute:chronic workload ratio was entered into a multivariate model. 4-week chronic loads were chosen as the best cumulative load predictor (as demonstrated by the highest area under curve: AUC) for inclusion in multivariate models. To simplify models, 4-week chronic load data was dichotomized by the median score (11) , to determine a below (low) and above (high) average 4-week chronic workload. A high chronic load and moderate ACWR was defined as the reference group. A final multivariate model then included significant non-workload related predictors from univariate models. Adjusted IRR (adj-IRR) in the multivariate model represent the risk whilst accounting for moderating (12) effects of other variables.
All models were assessed for model fit using in and out of data methods. In-data model detection capacity was assessed by Receiver Operator Characteristics (ROC) curves and compared using "jackknife method" (25) , with Sidak correction to account for multiple comparisons. To evaluate univariate and multivariate model ability to fit out-of-sample data, k-fold cross-validation with 10-folds was utilised (26 players' data for the weeks following injury were excluded until they returned to main (full) training.
Extended statistical methods may be found in supplementary online material.
Results
A total of 97 non-contact (intrinsic) lower body injuries were sustained across the four in-season phases (9.8 per 1000 hours) and were subsequently included in the analysis. Descriptive statistics for workload (Table B) and wellness scores (Table C) 
Insert table 2 and figure 1 about here Discussion
We believe this is the first study to identify a multifactorial (workload, subjective wellness, and player experience) injury risk model in elite Australian footballers. This paper further supports the view that injuries are produced from a complex "web of determinants" (27) , with potential moderating (12) effects occurring between these determinants. The theory that 'training load errors' (1, 28) may cause injury due to players being ill-prepared for the demands of the week is supported. However, since most in-season weekly load is derived from games, load errors here (e.g. excessive spikes in game loads compared to recent matches) may also be a key contributor to injury. As previously reported (11), a clear relationship between independently modelled very low cumulative chronic loads and increased injury risk in the subsequent week was also identified. However, both screening (14) and wellness 'red flags' (13) did not improve injury model predictive accuracy here, despite applying an objective, individualized criterion (a 1 SD decline from the norm). Manipulating training loads in response to wellness (13) and/or screening profiles is common in elite sport, possibly explaining the null predictive value, presenting a potential limitation to research designs in these settings.
Several factors may also interact with the workload-injury relationship (12) and may act as mediators or moderators of risk when considered in combination. Through a multivariate approach, inferences can be made whilst accounting for other workload (internal and external) variables and time invariant factors (playing experience). As with Williams et al. (29), 4-week cumulative chronic loads showed
the greatest association with injury and were selected to further explore the interaction between chronic load and the ACWR (11) in a multivariate model.
A low chronic load coupled with a very high ACWR (sprint distance) was associated with the greatest injury risk in the subsequent week. Sudden load increases have previously been associated with increased injury risk in the following week (7, 11) , with a high chronic (i.e. high 'fitness') distance providing protection for moderate-high ACWR, but increased risk for very high ACWR in elite rugby league players (11) . Conversely, a high chronic load coupled with a very high ACWR was not associated with increased risk in this AF cohort. Potentially, players with a high chronic base had less likelihood of an elevated ACWR, since a much greater acute load is necessary to elicit a similar ACWR to those with a low chronic base. Additionally, in elite settings when players with high chronic load experience acute spikes, load management strategies may be implemented to mitigate the 7 day injury risk latent period investigated here. Interestingly, a low OnLegs sRPE chronic load coupled with a very low or low ACWR was associated with 1.6-2.5 times greater risk, compared to a high chronic load and moderate ACWR. Possibly, players who experienced substantial de-loading may have further reduced their chronic load foundation, a scenario shown here to elevate risk, or were susceptible to large acute increases in load (i.e., a sessional spike) during training or game sessions within the 7 day injury lag period investigated here. These findings support previous reports (11) that high chronic loads provide protection when exposed to a very high ACWR.
Interestingly, players reporting old lower limb pain and heavy non-football activity were associated with twice the injury risk, highlighting the contribution of subjective measures in elite environments.
While not addressed in this paper, it is hypothesized that these findings are indicating that a recent history of pain may precede an injury incident or may represent a situation where an athlete is hyperalgesic in their response peripheral stimuli. Further, players with > 9 years of playing experience were associated with a greater injury risk, emphasising the importance of managing older players.
These variables were also retained in the multivariate model, thereby warranting further investigation to determine the mediating step (12) that may explain the injury association.
Another novel aspect of this study was comparing univariate and multivariate model predictive accuracy on in-sample data. As suggested previously (27) , injury may be attributed to a complex "web of determinants", therefore it is unsurprising to find greater accuracy for the multivariate model.
However, when tested on out-of-sample data (through cross validation), similar model fit errors were observed between univariate and multivariate approaches, highlighting the challenge of applying these models to derive out-of-sample injury risk.
Several limitations should be acknowledged in this study. Although the predictive accuracy of the multivariate model may be deemed sufficient (AUC= 0.70) (30) , predicted probabilities were tested on the fully trained data set (in-sample testing). Greater external validity may be gained by testing the models identified here on larger out-of-sample datasets (i.e., from other AFL teams), or for full prospective seasons. Pre-season training phase data was not analysed due to difficulties in calculating load measures with retrospective calculations (cumulative workloads, ACWR) around the off-season and Christmas breaks. Further, only on-legs field and game loads were calculated; further research may examine methods to quantify total load (i.e., including resistance and cross training) and load foundation achieved during pre-season (17) . Lastly, injury was modelled across a 7 day latent period; future analysis may model on a sessional basis to ensure all workload data is captured prior to injury.
Conclusions
Modelling combined injury risk factors is important for assessing the interaction and moderating nature of multiple risk factors. In the models presented here, a player's chronic load greatly influenced the ACWR-injury relationship. A low chronic ("fitness") load coupled with a large acute de-load (< 0.80 of a 4-week chronic load) or spike (>1.20-1.40 of a 4-week chronic load) should be considered as potential injury risk factors. For these high risk scenarios, players may further decrease their chronic load foundation, resulting in an underprepared state for competitive demands or their "fatigue" (acute load) outweighs their "fitness"; leading to (overload) injury. Furthermore, simple "yes/no" wellness responses may have predictive value and should be factored into weekly injury risk assessment in elite sport. The findings here can encourage practitioners to embrace the complexity of injury prediction and consider using a multifactorial approach.
Practical Implications
 Multivariate injury risk modelling may increase predictive accuracy by considering the interaction and moderating effects of common risk factors.
 A player's chronic workload foundation plays a large moderating role when modelling injury risk in elite Australian footballers.
 Low acute:chronic workload ratios should be considered an injury risk factor for the subsequent week, as this may lower the chronic load foundation.
 Simple yes/no subjective wellness responses may have injury predictive value in the subsequent week. Table 2) . The model predicts the probability a player will sustain a noncontact injury in the subsequent week, accounting for interaction (chronic load and ACWR) and moderating (heavy non-football activity, old lower limb pain, playing experience) effects of other variables.
